This article presents an innovative wavelet packet based sifting process to decompose a signal into its components with different frequency contents by examining the energy content in the wavelet packet components of a signal and imposing certain decomposition criteria. A new method is illustrated for simulation data of a linear three-degree-of-freedom spring-mass-damper system and the results are compared with those obtained using the empirical mode decomposition (EMD) method. Both methods provide good approximations, as compared with the exact solution for modal responses from a conventional modal analysis and both show relatively greater errors at the beginning and ending parts of the signal due to the well-known end effects. A comparison study is also provided to illustrate differences between two sifting processes of the proposed approach and the EMD, by using a harmonic signal with a sweeping frequency and the impulse response of a linear single-degree-offreedom system with viscous damping. Incorporated with the classical Hilbert transform, the proposed sifting process may be effectively used for structural health monitoring, including both detecting abrupt loss of structural stiffness and monitoring development of progressive stiffness degradation, as demonstrated by two case studies. Results from a preliminary study for experimental data from a shaking table test of a full-size two-story wooden building structure are also presented to show great promise of the proposed method in practical applications of health monitoring of real structures.
Introduction
Wavelets have been widely used in damage detection [1] and image processing [2] . Using its capability in multiresolution and time-frequency analysis, wavelet analysis has become a promising technique for structural health monitoring of large-scale structures [3, 4] .
The Empirical Mode Decomposition (EMD) method was recently developed as a systematic and robust tool for signal processing for nonlinear and nonstationary data [5] . Using this technique, a signal can be decomposed into its monocomponents, referred to as Intrinsic Mode Functions (IMF) by an empirical sifting process. By incorporating Hilbert transform with the sifting process, the instantaneous frequency and instantaneous amplitude variation of intrinsic mode functions can be found. Applications of the EMD method for damage detection and system identification can be found in [6] and [7] . The empirical nature of the approach may be partially attributed to a subjective definition of the envelope function and the intrinsic mode function involved in its sifting process. For example, an impulse response of a simple linear damped oscillator, which is physically mono-component with a single frequency, may not necessarily fit the definition of IMF and envelope function, as illustrated in the comparison study in the present article.
This article intends to present an innovative sifting process based on the wavelet packet decomposition of a signal. The original signal can be decomposed into its dominant components with nearly distinct frequency contents by performing a wavelet packet analysis with an appropriate mother wavelet and sifting dominant components of the signal based on their percentage energy contribution to the original signal. This wavelet theory based sifting process may produce similar decomposition of a signal when compared with the EMD approach. The proposed sifting process is then applied for structural health monitoring, as illustrated in two case studies using simulation data as well as a preliminary study using experimental data.
In the following, Section 2 provides necessary basics for the wavelet packet analysis and the EMD method, Section 3 describes and Section 4 validates the proposed sifting process by comparing the results with the exact solution for modal responses of a linear three-degree-of-freedom system obtained by the standard modal analysis. A brief comparison between two sifting processes of the proposed approach and the EMD is also provided in Section 4. Section 5 presents applications of the proposed approach for structural health monitoring using simulation data for both sudden stiffness loss and progressive stiffness degradation. Section 6 illustrates results for experimental data from a shaking table testing of a two-story full-size wooden frame. Finally, conclusions from the present study are summarized in Section 7.
Background
This section presents a brief background of the wavelet packet analysis and the empirical mode decomposition method. The reader is referred to the relevant references for more details.
Wavelet Packet Analysis
In contrast to the Short-Time Fourier Transform, which uses a single analysis window, the wavelet analysis uses short windows at high frequencies and long windows at low frequencies providing 'zoom in-zoom out' effect. The signal is mapped onto a Time-Scale plane where the scale is introduced as an alternative to frequency. This section summarizes the information about continuous and discrete wavelets. For detailed information, readers are referred to [8] [9] [10] .
Continuous Wavelet Transform Continuous
where a and b are dilation/scale and translation/ shift parameters, respectively. Both are real and a must be positive. " É É is the complex conjugate of a mother wavelet, É, pre-selected.
The continuous wavelet transform implies that local data in the time domain are examined by a shifted wavelet window with a variable window size and the wavelet coefficient measures correlation between the local data and the shifted and scaled wavelet windows. As a result, the transient frequency content of the signal can be revealed. The original signal can be reconstructed by an inverse wavelet transform. The mother wavelet needs to satisfy certain admissibility conditions to ensure existence of the inverse wavelet transform.
Discrete Wavelet Transform Discrete
Wavelet Transform (DWT) is often used for more efficient implementation in a practical application. In DWT the dilation parameter a and the translational parameter b are discretized by using the dyadic scale i.e.
where z is the set of positive integers.
In the discrete wavelet transform, the wavelet plays a role of dyadic filters. The signal is passed through low-pass and high-pass filters having different cut-off frequencies at each level, resulting in approximation and detail components of the signal, respectively. As a result, the signal can be decomposed into a tree structure with wavelet details and wavelet approximations at various levels as shown in Equation (3).
where D i (t) denotes the wavelet detail at the ith level and A j (t) stands for the wavelet approximation at the jth level, respectively. Note that at each level, the DWT decomposition results in halving the time resolution and doubling the frequency resolution. Reconstruction of the signal can be easily implemented as the dyadic wavelet filter family forms an orthonormal basis [9] .
Wavelet Packet Transform
In certain applications where the information in higher frequency components is important, the frequency resolution of discrete wavelet decomposition may not be fine enough to extract pertinent frequency information about the signal. The necessary frequency resolution may be achieved by using wavelet packet decomposition [10] , an extension of the discrete wavelet decomposition. In the wavelet packet analysis, the wavelet detail at each level is, in addition to decomposition of only the wavelet approximation in the regular wavelet analysis, further decomposed in to its own approximation and detail components. By this process, some lower frequency contents leaked in the wavelet details at the previous level can be further sifted out at the current level and also the frequency resolution for signal analysis increases. As a result, the wavelet packet analysis may provide better accuracy in both higher and lower frequency components of the signal. Note here that as in the case of DWT, the time resolution decreases as the number of decomposition levels increases in the case of wavelet packet decomposition.
Empirical Mode Decomposition (EMD) Method
The empirical mode decomposition (EMD) method was recently proposed to decompose a signal into its monocomponents, referred to as the Intrinsic Mode Functions (IMF), by an innovative sifting process [5] . The IMF is defined as a function in which (i) the number of extrema and the number of zero crossings must either equal or differ at most by one; and (ii) at any point, the mean value of the envelope defined by the local maxima and the envelope defined by local minima is zero. The sifting process separates the intrinsic mode functions from the signal by extracting the highest frequency component first. The signal can thus be represented by its IMFs and residue as:
where c i (t) is the ith Intrinsic Mode Function and r n is the residue.
Instantaneous Modal Parameters and Hilbert Transform
Structural stiffness loss leads to changes in dynamic characteristics of the system such as the system natural frequencies and modal shapes. To describe this change accurately, a concept of instantaneous modal parameters including the instantaneous frequency and the instantaneous modal shapes, with a definition based on the Hilbert transform of a response signal, is employed.
As a general definition, the instantaneous frequency of a signal at time t can be expressed as the rate of change of phase angle function of the analytic function obtained by Hilbert Transform of the signal [11] . The analytic function z(t) of a signal s(t) is a complex signal having the original signal s(t) as its real part and Hilbert transform of the original signal as its imaginary part. By representing the analytic function in the polar coordinate form one obtains
where a(t) is the instantaneous amplitude and (t) is the instantaneous phase function. Thus, the instantaneous frequency can be calculated by
Note that various other formulations for the instantaneous frequency of a signal can be found in the literature [12] . In a special case of a single harmonic signal, the phase angle of its Hilbert transform defined by Equation (5) is a linear function of time, and therefore its instantaneous frequency is constant and is exactly equal to the frequency of the harmonic. In general, the concept of instantaneous frequency provides an insightful description as how the frequency content of the signal varies with time. When a vibration signal is decomposed into its mono-components sifted either by the proposed approach or by the EMD approach, these components often represent modal responses associated with the system natural frequencies. Therefore, an instantaneous frequency history from Hilbert transform of these mono-components may indicate change in the natural frequency and, in turn, the structural health condition.
If measurement data at all degrees-of-freedom (DOF) of an M-DOF system, where M is the number of DOFs of the system, are available, the modal response of a particular mode can be obtained by first sifting all the response data and then selecting the mono-components corresponding to the same instantaneous frequency of this particular mode. Using the instantaneous amplitudes of the ith DOF of the system, a i ðtÞ (i ¼ 1, 2, . . . , M) obtained from Hilbert Transform of these mono-components, one for each DOF, the amplitude ratios of a i ðtÞ=a k ðtÞ, i ¼ 1, 2, . . . , M represent the instantaneous mode shape of this particular mode normalized with respect to the kth DOF. Change in the instantaneous modal shapes may also indicate structural damage.
Methodology
The proposed wavelet based sifting process starts with interpolation of data with a cubic spline interpolation scheme. The interpolated data increases the time resolution of the signal, which will in turn increase the regularity of the decomposed components. The cubic spline interpolation assures the conservation of signal data between sampled points.
The interpolated data are then decomposed into different frequency components by using wavelet packet decomposition. A symmetrical wavelet is preferred in the process to guarantee a symmetrical and regular shape of decomposed components. Daubechies wavelets of higher order and discretized Meyer wavelet show good symmetry and lead to symmetrical and regularly shaped components.
To evaluate the importance of the wavelet packet components to a signal, the concept of entropy is often applied in signal processing and there are various definitions of entropy in the literature [13] . Among them, two representative ones are used in the present article, i.e. the energy entropy and the Shannon entropy. The wavelet packet node energy entropy at a particular node n in the wavelet packet tree of a signal is a special case of P ¼ 2 of the the P-norm entropy, defined as
where ! n, k denotes the wavelet packet coefficients corresponding to node n at time k. It was demonstrated that the wavelet packet node energy has more potential for use in signal classification as compared to the wavelet packet node coefficients alone [13] . The wavelet packet node energy represents energy stored in a particular frequency band and is mainly used in this study to extract the dominant frequency components of the signal. The Shannon entropy is defined as
Note that one can define his/her own entropy function if necessary.
In case of the binary wavelet packet tree, decomposition at level n results in 2 n components.
This number may become very large at a higher decomposition level. To reduce the number, an optimum wavelet packet tree of the signal is obtained by imposing a best entropy criterion in the process. A particular node (N) is split into two nodes N 1 and N 2 if and only if the sum of the entropy of those decomposed nodes N 1 and N 2 is lower than the entropy of node N. Thus the entropy of the wavelet packet decomposition is kept as least as possible [14, 15] .
To sift out the significant components of the signal, the percentage contribution of energy entropy of an individual component to the total signal is calculated and evaluated. The components with a higher contribution are sifted out as the dominant mono-frequency components. Other criteria such as the minimum number of zero crossings and the minimum peak value of components can also be applied as stopping criteria of the sifting process. Note that the decomposition is unique if the mother wavelet in the wavelet packet analysis is given and the optimal entropy and the sifting criteria are specified.
Results of Numerical Validation
The wavelet packet based sifting process is validated by analyzing a vibration signal from a linear three-degree-of-freedom (3-DOF) springmass-dashpot system, as shown in Figure 1 . The values of structural parameters of the system
The system natural frequencies are 1.29, 3.62, and 5.23 Hz, respectively. To demonstrate the basic concepts, zero damping is assumed here without loss of generality. An impact force of intensity 1000 N was applied to the first mass element (M 1 ) at time 0.1 s for one time-step of dt, where dt is the time-domain resolution of the signal.
The dynamic response of the system is numerically simulated by subroutines in the commercial software MATLAB. The response data are sampled at a rate of 100 Hz.Without loss of generality, acceleration response at the second mass element is selected to illustrate the concept and accuracy of the proposed approach. By applying the proposed wavelet packet based sifting process, the original signal is decomposed into three dominant components, as shown in Figure 2 . Wavelet db36 in the MATLAB Wavelet Toolbox is used as the analyzing mother wavelet in the data decomposition. The time resolution of the signal is increased by using a spline interpolation for interpolating the signal data with a finer increment.
Wavelet packet decomposition of the signal is carried out by following the decomposition criteria of the component explained in Section 3. The energy contribution of an individual decomposed component is used to sift out the modal components of the signal. Table 1 shows the percentage energy contribution of the sifted dominant frequency components to the original acceleration signal at M 2 . By evaluating the percentage energy contribution of the decomposed components, dominant components of the signal can thus be sifted out.
For this time invariant system, the Fourier spectra of these decomposed components can also be performed to verify the accuracy and the results are plotted in Figure 3 . The peak frequencies are almost identical to the natural frequencies, as expected. In order to check the completeness of the sifting process, the original signal is reconstructed by adding the three dominant components sifted out. Comparison between the original signal and the reconstructed signal shows only a small error as plotted in Figure 4 . Errors at the start and the end are of the order of 0.1 m/s 2 and the error decreases rapidly to 0.01 m/s 2 in the middle region, which accounts for less than 1% of the signal amplitude. The relatively greater errors at the start and the end are attributed to the well-known end effects in wavelet analysis.
The wavelet packet based sifting process is compared with the well-recognized sifting process in the EMD method for different types of signal. Figure 5 shows a comparison of these two methods applied to the same acceleration data from the previous linear undamped 3-DOF system. The exact modal responses from the classical modal analysis are also plotted in Figure 5 as a benchmark. Note that a shorter time interval is used in Figure 5 for a zoom-in presentation for clarity. As observed, there are no significant differences between these two sets of results. The comparison indicates that performance of these two sifting processes is very similar. In a certain sense, the sifting process in the EMD method may be viewed as an implicit wavelet analysis and the concept of the intrinsic mode function in the EMD method is parallel to the wavelet details in wavelet analysis.
To show their differences, these two sifting processes are compared for two testing signals: (1) a harmonic signal with a sweeping frequency and (2) the impulse response of linear singledegree-of-freedom (SDOF) spring-mass-damper system. As the harmonic signal with sweeping frequency already satisfies the definition of the IMF, the EMD method produces only one IMF, i.e. the signal itself, as shown in Figure 6 . The proposed sifting process with Db36 as the analyzing wavelet up to level 5 of decomposition is applied to the same signal for comparison. The results depend on the type of entropies used in the sifting process. For the energy entropy, there is only one dominant frequency component, the same as the original sweeping signal. However, if the Shannon entropy is used as the sifting criterion the signal is decomposed into two components, as shown in Figure 7 . It is observed that the time-dependent frequency content of the sweeping signal is represented by two supplementary components: one represents the first half of the original signal with lower frequency content and the other represents the second half with higher frequency content. The phenomenon is mainly attributed to the fact that the approximations and details from the discrete wavelet analysis are associated with some cut-off frequencies. As a result, the wavelet packet based sifting process decomposes a signal into its components with different frequency bands. The number of the frequency bands depends on the analyzing wavelet used and the level of decomposition. The separation of these two components is not distinct, due to the overlapping of frequency bands of wavelet filters. Instead of viewing the sweeping signal as one component with continuously varying frequency content, the proposed sifting process with the Shannon entropy alternatively views the signal as a collection of two components with different frequency bands. Figure 8 shows the decomposition results obtained by the EMD method for the acceleration response from a linear SDOF damped system subjected to impact loading. The signal is physically a mono-component having a frequency equal to the damped natural frequency of the system. However, this acceleration signal does not fit in a definition of the IMF and the envelope function due to the existence of damping. The EMD method results into three IMFs having different frequency contents. In contrast to the EMD method, the proposed wavelet packet based sifting process has resulted into only one single-frequency component, its frequency being equal to the damped natural frequency of the system, as shown in Figure 9 . 
Application of the Methodology for Structural Health Monitoring
An application of the wavelet packet sifting process for structural health monitoring is illustrated for two typical cases: sudden stiffness loss and progressive stiffness degradation. The former may be caused by an excess response of a structural member during a severe environmental event and the latter may be attributed to mechanical fatigue due to cyclic loading or chemical corrosion in the hazardous environment.
A dominant component of the original signal from the wavelet packet based sifting process usually has quite simple frequency characteristics and is suitable for the classical Hilbert transform. The transient frequency content or the so-called instantaneous frequency of the component can be found from the phase curve of Hilbert transform of the component. For a healthy structure, the associated instantaneous frequency is timeinvariant. Any reduction in the instantaneous frequency may reflect structural damage. For a sudden stiffness loss, the change occurs in a very small time interval and for progressive stiffness degradation, a gradual change in the instantaneous frequency can be observed.
In this study, the same 3-DOF structural model in Figure 1 is employed. A proportional damping is employed here and the damping matrix is proportional to the stiffness matrix with a proportionality factor of 0.0002. Structural damage is introduced by reducing the stiffness of spring K 2 linearly up to a certain level. By selecting the rate of change in stiffness reduction, the cases of both sudden damage and progressive damage can be simulated. Ideally, sudden damage happens at a particular instant and the stiffness of the structure decreases instantly at this moment. However, for the sake of convenience, in the numerical simulation a stiffness loss in a sufficiently small time period, five time step in this simulation study, is considered as a sudden loss. In both the cases, the proposed wavelet packet based sifting process is first applied to the simulated response data to sift out the dominant components and the Hilbert transform is then applied to investigate their transient frequency characteristics for the purpose of structural health monitoring.
Case Study 1: Detection of Sudden Damage
In the case study of detection of sudden damage, a sudden stiffness loss is introduced at t ¼ 15 s by reducing stiffness of the middle spring linearly, i.e. K 2 by 10% in a short time interval from t ¼ 15 s to t ¼ 15.05 s. Damage in such a small time interval may be reasonably considered as sudden. In a practical application, measurement data are collected with certain sampling rate and so a sudden stiffness loss may be treated as linear reduction between two sampling points. Without loss of generality, only the dominant component of acceleration response data of M 2 , which is obtained by the proposed sifting process and corresponds to the highest mode of the healthy system, is selected for the analysis. Figure 10 plots the component and the associated instantaneous frequency history; the latter was obtained by Hilbert transform. An exact solution for the instantaneous frequency is also presented for comparison. A sudden change in the instantaneous frequency can be observed at t ¼ 15 s, implying that some sudden damage has occurred at that moment. The amount of frequency drop provides a global measure of damage severity due to a local stiffness loss. Data analysis of other dominant components has lead to similar conclusions. It should be pointed out that numerical differentiation of the phase curve of Hilbert transform of a signal may generally produce fluctuated instantaneous frequency history. The associated variance is reduced in this study by filtering the phase angle curve.
Effectiveness of the proposed sifting process for damage detection is also examined for the same 3-DOF spring-mass-damper system subjected to a periodic force with frequency of 2.4 Hz. To simulate the real-life conditions, measurement noise with a standard deviation of 0.03 m/s 2 is added to the acceleration signal shown in Figure 11 . A sudden damage is introduced in the system by reducing the stiffness of second spring (K 2 ) linearly by 20% in a time interval of 15.00-15.05 s. The highest contributed mode, shown in Figure 11 , is separated from the signal by applying the proposed wavelet packet based sifting process. The transient frequency of this component is calculated with the help of Hilbert transform of the sifted component. It can be observed in Figure 11 that the associated instantaneous frequency is reduced permanently at t ¼ 15 s indicating an occurrence of the damage in the system. It should be pointed out that in order to use a forced vibration signal for health monitoring, information of the corresponding healthy system or measurement data of loading history may be needed for reference. For this lightly contaminated signal, the proposed approach provides a good result for damage detection. It is expected that the clarity of the damage detection will decrease for a higher level measurement noise and a smaller stiffness loss. Noise effects on efficiency of the proposed approach warrant a further investigation. Figures 12 and 13 provide a comparison of the instantaneous frequency and the instantaneous modal shapes of the system for three different levels of damage, i.e. 5, 10, and 15% sudden local stiffness loss of K 2 , respectively, at t ¼ 15 s. The results in Figure 12 present the change in the damped natural frequency of the highest mode, obtained by sifting the acceleration response of M 2 . In all the three cases, the sudden damage can be clearly identified by sudden changes of these instantaneous frequencies. Note that the 5, 10, and 15% stiffness of K 2 cause only 1.4, 2.8, and 4.1% reduction in frequency, respectively. In general, more severe damage is easier to detect. It is expected that the abrupt change in the instantaneous frequency becomes less and less recognized for sufficiently small local stiffness loss. Figure 13 shows the normalized modal shape of the highest mode. Note that the absolute values of the amplitude ratio of M 2 and M 3 with respect to M 1 are used for convenience. Sudden damage at t ¼ 15 s are successfully detected. The 5, 10, and 15% stiffness losses of K 2 result in 7.3, 14.5, and 21.6% change in the modal shape, respectively. In general, the instantaneous modal shape is more sensitive to a small local stiffness loss. It can be shown that a local stiffness loss of 5 order of " may result in change in the natural frequency of order " 2 and change in the modal shape of order ". Therefore, the modal shape is a more sensitive index for structural damage. However, measurement data at multiple locations must be available if the instantaneous modal shape is to be traced.
Case Study 2: Monitoring Development of Stiffness Degradation
To model a progressive stiffness degradation, the value of K 2 is reduced linearly by 10% from t ¼ 15 s to t ¼ 45 s. Again, the acceleration signal from the middle mass is selected for analysis, as shown in upper part of Figure 14 . The highest mode component of the signal obtained by the proposed sifting process and the associated instantaneous frequency are shown respectively in the middle and bottom parts of Figure 14 . A gradual change in the instantaneous frequency is clearly observed in the same time interval as specified for the progressive damage in the data simulation. The trend and the amount of change in instantaneous frequency provide valuable information as to how stiffness degradation is developed. Note that despite the same trend, the change in the instantaneous frequency in Figure 14 is not linear.
Experimental Validation
To examine the feasibility of the proposed method in real-life applications, the proposed approach was applied to experimental data obtained by a shaking table test of a two-story full-size wooden frame performed at the Disaster Prevention Research Institute (DPRI), Kyoto University. The north-south (NS) component of the 1940 El Centro earthquake was used as the ground excitation. Several test runs were conducted and in each test run the structure was excited by the original records scaled at a nominal level targeted at certain intensity. Various types of damage were observed during the testing. As a preliminary study, this article analyzes the acceleration response of first floor at load levels of 1, 3, and 6 m/s 2 . For detailed information about the test, the reader is referred to [16] and [17] . The acceleration measurement of the first floor at the load level of 6 m/s 2 , as shown in Figure 15 (a), was sifted by implementing the proposed wavelet packet sifting process, which lead to the decomposed lower frequency component in Figure 15(b) . On performing the Hilbert transform, its corresponding instantaneous frequency is extracted and plotted in Figure 15 (c) and a certain stiffness loss is observed. Apparently, there is a permanent reduction in the instantaneous frequency of the structure near t ¼ 7 s. This result is in good agreement with the previous results using the Discrete Wavelet Transform in [16] where a wavelet damage spike, an indication of sudden damage, was clearly observed at t ¼ 7 s.
It should be pointed out that a subjective judgment or a best guess is sometimes needed to draw conclusions for a small stiffness loss in a short time period, mainly due to fluctuations in the instantaneous frequency history. However, a trend of stiffness degradation can be monitored over a relatively long time period. Figure 15 (d) provides a comparison of instantaneous frequency histories corresponding to the lower mode of acceleration measurements at the first floor at load levels of 1, 3, and 6 m/s 2 , respectively. The plots are adjusted to the same scale such that a trend can be seen clearly. It is observed that average levels of the instantaneous frequency plots are reduced in subsequent test runs, which reflects accumulated damage during these test runs. Note that the shaking table test was conducted in several runs in a load increment of 0.5 m/s 2 starting from 1 m/s 2 . It is expected that more gradual stiffness degradation can be observed if all instantaneous frequency histories from all these runs are compared. The results in Figure 15 illustrate great promise of the proposed approach in real-life applications. However, several practical issues need to be investigated further.
Concluding Remarks
This article proposes an innovative sifting process based on wavelet packet analysis of a signal. Using this technique, a signal can be decomposed into its dominant components with distinct and simple frequency contents. The approach was validated using the simulated response data of a linear 3-DOF system subjected to an impact load. It has shown that the sifted components are close to the modal responses of the system. As compared with the empirical sifting process in the EMD method this new sifting process may provide comparable results on a more theoretical basis of wavelet packet analysis. Differences between the EMD method and the proposed sifting process are also demonstrated for two testing signals: a harmonic signal with sweeping frequency and an impulse accelera-tion response of a linear SDOF damped system. Using the Hilbert Transform for each dominant component decomposed, the resulting instantaneous frequencies and mode shapes provide useful information for monitoring the structural health condition. A successful application of the proposed approach in two case studies of detecting a sudden stiffness loss and monitoring progressively developed stiffness degradation as well as a preliminary study using experimental data from a shaking table test of a two-story full-size wooden frame structure demonstrate great promise of the proposed approach in structural health monitoring applications.
